
Stable Operation Strategy for Near-Zero
Discharge Evaporation and
Crystallization System of Coal Chemical
Wastewater Based on Model Predictive
Control (MPC)
Jing Wang1, Jie Cao2, Zhaohui Huo2, Junqi Hui3, Zhiquan Wang4
1Xi’an Shiyou University, Xi’an 710000, Shaanxi, China
2Shaanxi MBA School, Xi’an 710000, Shaanxi, China
3Yan’an University, Xi’an 716000, Shaanxi, China
4Xi’an University of Science and Technology, Xi’an 710054, Shaanxi, China

Corresponding author: Jing Wang (e-mail: 15609236657@163.com)

ABSTRACT With the increasing integration of intelligent sensing, industrial communication networks,
and Electromagnetic Waves, Antennas and Propagation technologies in smart process industries, stable
control of complex multivariable systems has become essential for reliable information acquisition and
distributed decision-making. This study proposes a stable operation strategy for a near-zero discharge
evaporation and crystallization system for coal chemical wastewater based on model predictive control
(MPC). A discrete state-space model incorporating influent chemical oxygen demand, salt concentration
disturbances, liquid level–concentration coupling, and steam network constraints is established to
characterize the dynamic behavior of the process. A rolling optimization controller integrating feedforward
compensation and quadratic programming is developed to coordinate feed flow, steam regulation, and
circulation control under multiple operational constraints. Simulation and industrial validation demonstrate
that the proposed strategy reduces liquid level overshoot by 82.4%, decreases steam consumption
fluctuation by 66.1%, and maintains stable operation with a water reuse rate above 92.3% under
severe disturbance conditions. The results confirm that the MPC-based framework significantly enhances
disturbance rejection, robustness, and energy efficiency while providing an effective engineering solution
for cyber–physical industrial systems. Furthermore, the proposed architecture offers valuable references for
communication-enabled intelligent monitoring, distributed sensing, and industrial automation applications
associated with Electromagnetic Waves, Antennas and Propagation technologies.

INDEX TERMS model predictive control; industrial intelligent sensing; distributed monitoring; evapo-
ration crystallization; coal chemical wastewater

I. INTRODUCTION

UNDER the dual constraints of the national “dual-
carbon” strategy and the ecological protection of the

Yellow River Basin, the green and low-carbon transforma-
tion of the coal chemical industry has become an inevitable
trend. The sector can achieve sustainable development while
mitigating the environmental impact on the regional ecosys-
tem [1-2]. Yanchang Petroleum Yulin Energy and Chemical
Company, relying on the “ integrated utilization of oil, gas,
coal, and salt” model, has built the world’s first integrated
utilization project of coal, oil, and gas resources in the
ecologically fragile area of northern Shaanxi, establish-
ing the goal of “near-zero discharge” of wastewater and
becoming a benchmark enterprise for water conservation.

Through the development of water-saving technologies that
maximize water conservation throughout the entire process,
the annual raw water consumption is only 46% of the initial
design, demonstrating significant results. However, with
increasingly stringent environmental policies and increased
production loads, the operation stability of the reclaimed
water plant, as a key hub for the plant’s water balance, is
directly related to the safe and continuous production of the
main unit. How to maintain the efficient and stable operation
of the wastewater treatment system under complex oper-
ating conditions has become a core bottleneck restricting
enterprises from further tapping into the potential for energy
conservation and consumption reduction [3-4].

Since its commissioning in 2014, the near-zero discharge
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system for wastewater in the ecologically fragile area of
northern Shaanxi has undergone hardware upgrades, includ-
ing the addition of a quadruple-effect evaporator, buffer
tank, and salt-drying pond, which have improved the treat-
ment load. However, it still faces technical challenges such
as drastic fluctuations in the influent quality of the main
unit, large lag in the evaporation and crystallization process,
and strong coupling. Traditional distributed PID control
strategies are unable to cope with the dynamic interaction
between multiple variables, especially when facing high-salt
shock loads, which can easily lead to oscillations in the liq-
uid level of the evaporation system or pressure imbalances in
the steam pipeline network [5-6]. Operational practice shows
that frequent fluctuations in the concentration and flow rate
of the evaporation unit not only increase the operational
difficulty of the subsequent solid-liquid separation unit and
limit the release of the overall system treatment capacity,
but also cause sudden changes in steam consumption due
to control lag, which can interfere with the balance of the
entire plant’s steam pipeline network and pose a risk of the
main unit being forced to reduce its load. In addition, the
existing control logic lacks a global consideration of the
operating limits of the equipment and the energy balance of
the entire plant, making it difficult to meet the requirements
of green factories for refined management and control [7-8].

MPC, as an advanced process control technology, has
been widely used in the optimization of distillation towers
and steam pipelines in the petrochemical industry, demon-
strating significant advantages in handling systems with
multiple constraints and large time delays [9-10]. However,
in the field of coal chemical wastewater evaporation and
crystallization, existing research on complex systems after
hardware completion projects mainly focuses on single-
equipment optimization, lacking a system-level control strat-
egy that combines feedforward compensation for influent
disturbances with utilization of steam waste heat. In partic-
ular, considering the dynamic characteristics changes of the
Yulin Energy Chemical Company’s reclaimed water plant
after its transformation from a six-effect to a four-effect
system, how to design an MPC algorithm that can explicitly
handle steam pipeline pressure constraints, adapt to strong
water quality disturbances, and is engineering-applicable
remains to be explored in depth [11-12].

Therefore, this paper takes the evaporation and crys-
tallization unit of the Yulin Energy Chemical Company’s
reclaimed water plant as the research object and proposes
a stable operation strategy based on MPC. In this research,
a state space model is first built to represent the variables
affecting wastewater quality and process limitations, then
an optimized rolling algorithm is developed to implement
feedback control on flow rate based on influent concentra-
tion via real-time data; finally, the results are validated by
running simulation studies and analyzing actual field data. It
offers an engineering-based framework for achieving long-
term stable wastewater management.

II. PROCESS ANALYSIS AND MODELING OF
NEAR-ZERO DISCHARGE SYSTEM FOR COAL
CHEMICAL WASTEWATER
PROCESS FLOW OVERVIEW
This study examine the nearly zero-liquid-discharge wastew-
ater treatment system in the comprehensive utilization
project of coal/oil/gas resources at the Yanchang Petroleum
Yulin Energy and Chemical Company. This system began
its official operation in September 2014 to help address the
bottleneck of high concentration brine treatment for energy
and chemical companies in ecologically fragile regions.
The complete process flow structure consists of wastewater
treatment, reclaimed water plant, multi-effect evaporation,
crystallization, and miscellaneous salt disposal units. The
reclaimed water plant has a critical role in the plant’s
water balance, where the reclaimed water treatment plant
performs the primary function of further treating/water from
the main production area. Table 1 shows some of the
key parameters related to the Yanchang Petroleum Yulin
Energy and Chemical Company Comprehensive Utilization
of Coal/Oil/Gas Resources project.

To address issues such as unstable influent water quality
and insufficient output of the six-effect evaporator, the com-
pany implemented upgrades to the reclaimed water plant.
The system was retrofitted from a six-effect to a four-effect
configuration to increase single-effect evaporation intensity
and address severe pressure drop issues inherent in the
original over-extended series structure, thereby improving
the robustness of the system against fluctuating salt loads.
The upgraded unit, including a buffer tank and salt-drying
tank, became the core focus of the control strategy. The
process flow mainly includes pretreatment, membrane con-
centration, multieffect evaporation (MEE), and crystalliza-
tion drying. High-concentration brine, after pretreatment,
enters the evaporation system, utilizing low-pressure steam
from the plant’s four pressure-level steam networks (S1, S2,
S4, and S5) as a heat source. Water and salt separation is
achieved through vacuum evaporation, with the condensate
recycled for production and impurities disposed of via filter
press.

SYSTEM DYNAMIC CHARACTERISTICS AND
CONSTRAINT ANALYSIS
The evaporation and crystallization process of coal chemical
wastewater has typical characteristics of complex industrial
processes, mainly manifested as large time delay, strong
coupling and multiple constraints. These characteristics di-
rectly determine the choice of control strategy [13-14].
First, there is the large time delay. The evaporation and
concentration process involves phase change, heat transfer
and mass transfer. There is a significant time delay from
steam flow rate regulation to liquid level or concentration
response. Especially in the multi-effect evaporation series
structure, the fluctuation of the previous effect is transmitted
to the subsequent effect with a cumulative delay effect, and
traditional PID control is difficult to suppress the disturbance
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TABLE 1. Key parameters of the comprehensive utilization project of coal, oil and gas resources of Yanchang Petroleum Yulin Energy and Chemical Company

Parameter Category Specific Indicator Value/Description

Feedstock & Product Raw Material Composition Coal, residual oil, and natural gas three-feed coupling
Methanol Plant Capacity 1.8 million tons/year
Dimethyl Methanol to Olefins Plant Capacity 600,000 tons/year methanol-to-olefins
Direct Crystallization Plant Capacity 1.5 million tons/year residual oil catalytic thermal cracking
Polyolefin Capacity 1.2 million tons/year
Hydrogen-Carbon Complementary Gain Increased methanol production by 300,000 tons/year

Energy & Water Consumption Comprehensive Energy Consumption of Methanol 1.20 tce3/t methanol
Fresh Water Consumption per Ton of Methanol 1.78 t/t methanol
Maximum Annual Raw Water Consumption 11.9 million m3 (design value 46%)
Annual Water Savings 7.596~11.196 million tons

Emission & Efficiency CO2 Emissions per Ton of Methanol 1.03 t/t methanol
Energy Conversion Efficiency 61.88%
Carbon Resource Utilization Rate 55.74%
Annual CO2 Emission Reduction 2.82 million tons

Utility Parameters Steam Pipeline Pressure Rating S1: 10.6MPa, S2: 4.0MPa, S4: 1.0MPa, S5: 0.5MPa
Waste Heat Power Generation Capacity 13MW+12MW
Interconnection Points 166 locations (73 above ground/93 underground)

Wastewater System Near-Zero Emission Commissioning Time September 2014
Evaporation System Retrofit Plan Six-effect → Four-effect + buffer tank + salt drying tank
Reclaimed Water Plant Design Load Dynamically adjusted based on the peak discharge of the main unit

in time. The time delay constant τ can be approximately
expressed as the sum of thermal inertia and fluid transport
time as shown in equation (1):

τ =

n∑
i=1

Cp,iMi

UiAi
+ ttransport (1)

In the equation, Cp,i, Mi, Ui, and Ai represent the
specific heat capacity, mass, heat transfer coefficient, and
heat transfer area of the i-th effect evaporator, respectively,
and ttransport represents the material transport delay.

Secondly, there is Strong Coupling, with dynamic interac-
tions between multiple variables within the system. Changes
in steam pressure not only affect the evaporation rate but
also cause fluctuations in system vacuum, thus affecting the
feed flow rate and concentrate concentration.

Furthermore, there are Multiple Constraints, with oper-
ation limited by equipment physical limits and the overall
plant energy balance. On the one hand, the selection and
configuration of large-scale key equipment determine the
upper limits of evaporator temperature, compressor load,
and other operating parameters; on the other hand, the steam
consumption of the evaporation system must conform to the
balance of the entire plant’s steam network to avoid affecting
the stable operation of the waste heat and pressure utilization
power generation project. In particular, the pressures of the
S4 and S5 steam networks must be maintained within a
stable range to prevent impact on downstream users.

Finally, there are Strong Disturbances. The water quality
of the main unit fluctuates drastically, especially the shock
loads of chemical oxygen demand and salinity, which act
directly on the system inlet as uncontrollable disturbances,
placing extremely high demands on the robustness of the
control system [15-16]. These characteristics together con-
stitute the boundary conditions for MPC controller design.

CONSTRUCTION OF MATHEMATICAL MODELS FOR
CONTROL
To design the MPC strategy, a mathematical model reflecting
the dynamic characteristics of the system needs to be estab-
lished. Given the nonlinear characteristics of the evaporation
crystallization system, this paper employs a linearization
method near the equilibrium point to construct a discrete
state-space model [17-18]. The system state variable vector
x(k) ∈ Rn is defined, including the liquid level Li of each
evaporator effect, the concentrate concentration Ci, and the
steam pressure Ps; the control input vector u(k) ∈ Rm

includes the feed flow rate Fin, the steam regulating valve
opening Vstm, and the circulating pump frequency fpump;
the disturbance vector d(k) ∈ Rp mainly consists of the
influent concentration Cin and the flow fluctuation Fdist;
the system output vector y(k) ∈ Rq represents the key
monitoring indicators, liquid level and concentration.

Considering the dynamic response of the modified four-
effect evaporation system, the discretized state-space equa-
tion is shown in equation (2):{

x(k + 1) = Ax(k) +Bu(k) + Ed(k),

y(k) = Cx(k) +Du(k)
(2)

A is the system state matrix, representing the dynamic
characteristics of the process; B is the control input matrix;
E is the disturbance matrix; C is the output matrix; and D
is the direct transfer matrix. Matrix parameters are obtained
from field step response test data.

For the MPC controller design, the prediction time do-
main Np and control time domain Nc are defined. To
simplify calculations, the multi-step prediction is expanded
into matrix form, and the predicted output vector Y (k) is
shown in equation (3):

Y (k) = Φx(k) + ΓU(k) + ΛD(k) (3)
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In the equation, Y (k) is the predicted output sequence,
and U(k) is the control sequence to be optimized. Matrices
Φ, Γ, and Λ are formed by exponential operations of
system matrices A, B, and C, representing the dynamic
response trajectory of the system to future control actions
and disturbances.

During model identification, special attention should be
paid to the impact of influent concentration disturbances
on the crystallization point of the concentrate. Through
historical data regression analysis, a correlation model be-
tween concentration disturbances and evaporation rate is
established, as shown in equation (4):

∆Cout(k) = β1∆Cin(k − τd) + β2∆Qsteam(k) (4)

τd is the disturbance delay time, and β1 and β2 are the
identification coefficients. This model will serve as the basis
for subsequent rolling optimization algorithms, enabling
coordinated control of feed, steam, and pump frequency,
and ensuring further exploration of the system’s operational
potential based on hardware modifications.

III. MPC-BASED CONTROL STRATEGY DESIGN
BASIC PRINCIPLES OF MODEL PREDICTIVE CONTROL
MPC, as a model-based advanced process control algorithm,
has the core advantage of being able to explicitly handle
constraints and large time delays in multivariable systems,
which is highly compatible with the dynamic characteristics
of coal chemical wastewater evaporation and crystallization
systems [19-20]. In the control architecture constructed
in this study, the MPC controller mainly includes three
basic components: prediction model, rolling optimization,
and feedback correction. The prediction model uses the
established state-space equation to predict the system output
trajectory in the future finite time domain based on the
current system state x(k) and control input sequence u(k).
In view of the significant time delay in the evaporation and
crystallization process, MPC can predict the changing trends
of liquid level and concentration in advance by setting an
appropriate prediction time domain Np, thereby overcoming
the action delay of traditional feedback control [21-22].
The prediction trajectory considers the cumulative effect of
control increment, as shown in equation (5):

y(k+ i | k) = CAix(k)+

i−1∑
j=0

CAi−1−jBu(k+ j | k) (5)

In the equation, i = 1, 2, . . . , Np. This equation shows
that the output at future moments depends not only on the
current state but also on a series of future control actions.
This foresight allows the controller to adjust the steam valve
opening in advance before fluctuations in the main unit’s
incoming water quality reach the evaporation unit, achieving
“preemptive control” [23-24].

The rolling optimization mechanism is the key difference
between MPC and traditional control. At each sampling

moment, the controller solves a finite-time open-loop op-
timization problem to obtain the optimal control sequence.
However, only the first control variable u(k) in the sequence
is executed, and the controller is re-optimized based on the
new measurement value at the next moment. This “rolling”
strategy allows the controller to adapt in real time to
unpredictable disturbances such as fluctuations in the main
unit’s incoming water quality [25-26]. The model predictive
control framework is shown in Figure 1:

In Figure 1, solid lines represent data flow and dashed
lines represent constraints. The control structure takes the
evaporation crystallization system as the controlled object
and consists of a core control unit composed of mod-
ules such as a prediction model, rolling optimization, and
feedback correction. The system establishes a prediction
model based on the state-space model of the evaporation
process to estimate the dynamic behavior of the system
in the future prediction time domain. On this basis, the
rolling optimization module uses the quadratic programming
solution method to calculate the optimal control sequence
that satisfies the performance index and constraints, and
sends the control quantity at the current moment to the
Distributed Control System (DCS) actuator to realize real-
time adjustment of the steam valve and feed pump. At the
same time, the system introduces a feedback correction link
to correct the model prediction results based on the deviation
between the actual output and the set value, so as to improve
the control accuracy and robustness [27-28].

FEEDFORWARD-INTEGRATED ROLLING OPTIMIZATION
DESIGN
PREDICTIVE MODEL AND FEEDBACK CORRECTION
The prediction model is based on discrete state-space equa-
tions, using the current state variable x(k) and control
sequence u(k) to predict the liquid level and concentration
trajectory in the future Np time domain. To address the
significant hysteresis characteristic of the evaporation and
crystallization process, the model overcomes the action
delay of traditional feedback control through recursive cal-
culation, ensuring the controller has foresight. To eliminate
model mismatch and the influence of unmodeled dynamics,
a feedback correction loop is introduced.

The feedback correction loop uses the deviation between
the actual output y(k) and the model prediction value
to correct the model online, eliminating the influence of
model mismatch and unmodeled dynamics. Considering
the nonlinear characteristics of the evaporation unit in
the reclaimed water plant, this paper adopts a linearized
model combined with deviation compensation to ensure
good prediction accuracy even under large fluctuations in
operating conditions. Through this closed-loop correction
mechanism, the system can effectively suppress the dynamic
characteristic changes that may occur after the conversion
from a six-effect evaporator to a four-effect evaporator,
ensuring the robustness of the control strategy. The corrected
prediction value ycorr is calculated as shown in equation (6):
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FIGURE 1. Model Predictive Control Framework: solid lines represent data flow and dashed lines represent constraints. The control
structure takes the evaporation crystallization system as the controlled object and consists of a core control unit composed of modules

such as a prediction model, rolling optimization, and feedback correction

ycorr(k + i | k) = y(k + i | k) + hi · e(k) (6)

e(k) represents the prediction error at the current moment,
and hi is the correction coefficient.

DESIGN OF MULTI-OBJECTIVE OPTIMIZATION
FUNCTION
The controller’s objective function is in the form of
quadratic equation, in order to achieve a multiple objective
collaborative optimization. It takes into account three fun-
damental measures which are based upon: output tracking
error, penalty for control increment and economic energy
consumption. The penalty for deviation from evaporator
liquid level, concentrate concentration and water quality by
ensuring that the water quality of the “near-zero discharge”
system is within acceptable limits by using the Q weight
matrix as a penalty. Additionally, R and S weight matrices
are applied as penalties to the quantity and absolute value
of the quantity respectively. The amount of steam used
is weighted heavily to ensure that the steam required for
the plant to balance its steam network and use waste heat
appropriately [29-30]. The specific form of the objective
function is shown in equation (7):

J =

Np∑
i=1

∥y(k + i | k)− r(k + i)∥2Q

+

Nc−1∑
j=0

∥∆u(k + j | k)∥2R

Nc−1

j=0

+ λ
∑

∥usteam(k + j | k)∥2

(7)

In the equation, r(k + i) is the setpoint trajectory; λ is
the energy consumption penalty coefficient.

To achieve the green plant construction goals of Yulin
Energy Chemical Company, a steam consumption penalty
term is specifically introduced, with a higher weight to
respond to the plant’s steam network balance requirements.

Furthermore, a feedforward compensation mechanism is
integrated, incorporating the online monitored influent COD
and salinity signals as measurable disturbances into the opti-
mization process. Addressing the core pain point of unstable
influent water quality in the main unit, this paper designs
a feedforward compensation stage, incorporating the online
monitored influent COD and salinity signals as measurable
disturbances into the prediction model to adjust the feed
flow rate and steam valve opening in advance, thereby
suppressing the impact of disturbances on the system output.
The feedforward control law design is shown in equation
(8):

uff(k) = −Kff · d(k) (8)

Kff is the feedforward gain matrix, obtained by offline
calculation of the inverse steady-state gain matrix of the
output under disturbance. Feedforward control can adjust
the feed flow rate and steam opening before the disturbance
affects the output, significantly suppressing the interference
of high-salt shock loads on system stability and achieving
global optimization of energy consumption and stability.

HARD CONSTRAINT HANDLING AND QUADRATIC
PROGRAMMING SOLUTION
The constraints are directly derived from the actual limita-
tions of the selection and configuration of large-scale key
equipment. Hard constraints include the physical limits of
the actuators, such as the steam regulating valve opening of
0% to 100% and the circulating pump frequency of 30 to 50
Hz; soft constraints involve process safety boundaries, such
as the upper limit of the evaporator liquid level to prevent
material leakage and the upper limit of the temperature to
prevent equipment corrosion. In particular, considering the
coupling relationship between the S4 and S5 steam pipelines
in the plant area, the control strategy incorporates steam
pressure fluctuations into the constraints to avoid the large-
scale steam consumption of the evaporation system affecting
the stable operation of the steam waste heat and pressure
utilization power generation project. The mathematical de-
scription of the constraints is shown in equation (9):
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

ymin ≤ ycorr(k + i | k) ≤ y


∣∆u(k + j | k)∣ ≤ ∆umax


umin ≤ u(k + j | k) ≤ umax,

,

max

(9)

The optimization problem is transformed into a con-
strained quadratic programming (QP) problem, which is
solved quickly using the effective set method [31-32].
Through this multi-variable coordinated control, MPC can
tap the potential of the system after hardware modification
while ensuring the safe operation of the equipment, solve
the problem of insufficient output of the filter press system
caused by neglecting one aspect in traditional control, and
achieve global optimization of energy consumption and
stability [33-34].

IV. EXPERIMENTAL ANALYSIS
SIMULATION PLATFORM SETUP AND SCENE SETTING
To verify the effectiveness of the proposed MPC strategy in
the evaporation and crystallization system of coal chemical
wastewater, this paper constructs a simulation environment
and sets the model boundary conditions based on engi-
neering parameters. The simulation model uses the con-
structed discrete state-space equations as its core, integrating
an influent concentration disturbance module, a four-effect
evaporation coupled dynamic module, and a steam pipeline
pressure constraint module. Sampling will be done every
60 seconds to match the data refresh rate of the on-site
DCS system. Model parameters are developed using data
gathered from on-site step response tests, and are verified
against historical operational data (2020-2023), providing
confidence for the degree of consistency between the sim-
ulated conditions and actual production conditions, thus
providing a reliable yardstick for evaluating the effectiveness
of the control strategy.

The simulation scenario design is aimed at replicating
the real life operating conditions of Yulin Energy Chemical
Company’s reclaimed water treatment facility, specifically
those associated with the central theme of “unstable influent
water quality in the main unit.” In order to accomplish this,
3 typical types of disturbances were established: (1) step
disturbance of COD of the influent (+/- 30% of design);
(2) random fluctuations in influent flow rate (15% standard
deviation); (3) combined fluctuation due to both fluctuation
in water quality & flow at same time. The reference being
used to compare against is the current distributed PID
control employed within the industry, and the performance
criteria evaluated against consist of three metrics: dynamic
performance, steady state tracking accuracy , and energy
efficiency.

COMPARISON OF CONTROL PERFORMANCE UNDER
NOMINAL OPERATING CONDITIONS
Table 2 shows a comparison of the dynamic performance in-
dices of different control strategies under step disturbances:

Table 2 quantifies the performance advantages of the
MPC strategy over traditional PID control from the perspec-
tive of time-domain response. Data shows that under a step
disturbance in influent COD, MPC, through its feedforward
compensation mechanism, shortens the rise time to 92.7
s and suppresses overshoot to within 4.2%, significantly
better than PID control’s 23.8%. This is mainly attributed to
MPC’s rolling optimization mechanism’s ability to predict
the dynamic coupling of liquid level and concentration
in advance, avoiding the “lag-overshoot” cycle of tradi-
tional feedback control. Of particular note is the steam
consumption fluctuation index; the MPC strategy reduces
the fluctuation amplitude by 66.1%. This improvement is
primarily due to the integrated feedforward compensation
mechanism, which preemptively adjusts the steam regulating
valve to cancel out influent quality disturbances before
they propagate through the multi-effect system, rather than
relying solely on reactive valve adjustments typical of PID
control. This directly responds to the steam network balance
constraints and ensures the stable operation of the plant’s
S4/S5 steam network.

Table 3 shows the comparison of key parameter fluctua-
tion ranges under different disturbance intensities under the
MPC strategy:

Table 3 evaluates the adaptability of the MPC strategy
under different influent loads from the perspective of distur-
bance robustness. With an increase of the disturbance level
between ±10% to ±30%, liquid level fluctuations increase
from a range of 0.12~0.18 m to 0.38~0.62 m; however, all
values are still below the evaporator’s maximum allowable
liquid level (0~1.5 m). Although the concentration devia-
tion rises with increasing disturbance, the concentration of
the concentrated stream remains below the crystallization
point due to the constraint optimization feature of model
predictive control (MPC), thus eliminating the ability for
scaling or clogging to occur. In addition, the water reuse
rate has remained above 92.3% under combined disturbance
conditions, verifying the effectiveness of this water-savings
oriented approach.

DYNAMIC RESPONSE ANALYSIS UNDER WATER
QUALITY DISTURBANCE
This paper looks into the operation means of how the MPC
strategy increases stability for a evaporation crystallization.
To do this, the study examines two aspects of the over-
all analysis: time domain response and frequency domain
characteristics. The time domain analysis will look at how
three critical states (liquid level, concentration, and vapor
pressure) behave when they are disturbed together, and the
frequency domain analysis will look at the stability margin
of the closed-loop system and the level of disturbance that
can be tolerated by the closed-loop system without causing
a significant change. The time-domain response comparison
results are shown in Figure 2.

Figure 2 displays the time domain responses of liquid
level, concentration and steam pressure from two different
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TABLE 2. Dynamic Performance of Different Control Strategies under Step Disturbances

Performance Index Evaluation Dimension PID Control Proposed MPC Improvement

Rise Time (s) Response speed 186.3 92.7 50.2%
Overshoot (%) Stability 23.8 4.2 82.4%
Settling Time (s) Convergence efficiency 412.5 158.3 61.6%
Steady-State Error (%) Tracking accuracy 5.7 1.3 77.2%
Integral Absolute Error (m·s) Overall performance 1847.2 423.6 77.1%
Steam Consumption Fluctuation (%) Energy consumption stability 18.9 6.4 66.1%

TABLE 3. Fluctuation Range of Key Parameters under Different Disturbance Intensities

Disturbance Level Liquid level fluctuation (m) Concentration deviation (g/L) Steam consumption fluctuation (t/h) Water reuse rate (%)

Low strength (±10%) 0.12~0.18 0.8~1.3 1.2~2.1 96.8~97.5
Medium strength (±20%) 0.21~0.35 1.5~2.8 2.3~4.6 95.2~96.7
High strength (±30%) 0.38~0.62 2.9~5.1 4.8~8.3 93.1~95.0
Combined disturbance 0.45~0.78 3.2~6.4 5.6~10.2 92.3~94.8

FIGURE 2. Time-domain Response Comparison: (a) liquid level; (b) concentration; (c) steam pressure

disturbances at the same time. Figure 2(a) shows the time
domain response for liquid level, under PID control there
is an oscillating liquid level range from 0.8 to 1.8 m,
whereas the MPC controlled liquid level has been regulated
to a much smaller range of approximately 1.2 m, thus
giving smaller amplitude of oscillation also much shorter
settling time than those observed with PID control. Figure
2(b) shows that MPC, through a feedforward compensation
mechanism, keeps the concentration deviation consistently
around the crystallization threshold, significantly reducing
steady-state error and effectively avoiding the risk of evap-
orator scaling. Figure 2(c) further verifies the supporting
role of MPC in balancing the steam pipeline network; the
S4 steam pressure fluctuation meets the constraint require-
ment of avoiding impact on the steam waste heat and
pressure utilization power generation project. The effect
of the three-variable synergistic optimization indicates that
the MPC strategy can systematically solve the limitations
of traditional single-loop control’s “one-sided” approach.
The core reason is that the rolling optimization mechanism
can predict the liquid level-concentration coupling dynamics
in advance, and combined with feedforward compensation,

achieves preemptive control of influent disturbances.
To further reveal the influence mechanism of control

strategy on system stability margin and anti-interference
capability at the frequency domain level, the frequency
domain stability characteristics of PID and MPC closed-loop
systems were compared based on the identified linearized
model, and the results are shown in Figure 3.

As shown in Figure 3a, the amplitude-frequency response
curves reveal that both control methods maintain high gain
levels in the low-frequency region, indicating good tracking
capability of the system to setpoint changes. However, as
the frequency increases, the amplitude curve under MPC
control decreases more smoothly, suggesting better filtering
of high-frequency disturbances and thus improving oper-
ational stability. The phase-frequency response shown in
Figure 3b illustrates that the MPC closed-loop system has
a smoother phase change trend across all frequencies and
has a substantially greater phase margin than that of the
PID control strategy. This indicates that the system has a
good stability margin when subjected to variations in the
parameters or external disturbances. In contrast, the PID
control’s phase curve shows more phase lag at mid to high
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FIGURE 3. Frequency domain stability characteristics of PID and MPC closed-loop systems: (a) amplitude-frequency; (b)
phase-frequency

frequencies and thus has a smaller relative stability margin.
The analysis of both the amplitude-frequency and phase-
frequency characteristics of the data leads to the conclusion
that the implementation of the model predictive controller
not only improves the disturbance suppression capability but
also provides a larger stability margin, thereby providing a
level of assurance that the multivariable coupled system will
operate safely and stably during the evaporation process.

ROBUSTNESS VERIFICATION UNDER MODEL
MISMATCH
In actual industrial processes, uncertainties are introduced
by factors such as model parameter identification errors,
sensor measurement noise, and actuator aging. Figure 4
quantifies the impact of parameter uncertainty on control
performance using Monte Carlo simulation.

Figure 4 shows the statistical distribution characteristics
of the integral absolute error (IAE) of the two control strate-
gies under parameter uncertainty. As can be seen from the
probability density function (PDF) distribution in sub-Figure
4a, the IAE distribution range of the PID control is signif-
icantly wider, mainly concentrated between approximately
1500 and 2200, indicating that the system error fluctuates
significantly under parameter disturbances. In contrast, the
IAE distribution of the proposed MPC control strategy is
significantly concentrated in the lower value region, with
most samples located in the 300–600 range, showing a sig-
nificant reduction in error and dispersion, indicating better
control performance stability. Further observation from the
cumulative distribution function in Figure 4b reveals that
the difference between the two methods is more pronounced
in the high quantile range, with the 90th percentile of the
PID control being significantly lower than that of the MPC
control.

The Nyquist response characteristic plots of the open-loop
PID and MPC have been produced to further assess how
perturbations in model parameters and unmodeled dynamics
affect the stability of the closed-loop system. The Nyquist
plots have been shown in Figure 5. Through comparison
between their trajectory distribution in the complex plane

and the relative locations of the uncertainty circle and
critical point located at (-1,0), it is possible to quantitatively
verify the robust stability margin of the proposed MPC
strategy under uncertainties including, but not limited to,
parameter identification errors from a frequency domain
analysis.

The two control approaches are shown in Figure 5 as part
of the open loop system’s Nyquist response characteristics
when there are model uncertainties present. The Nyquist tra-
jectory for the PID controller predominantly lies within the
left half of the complex plane; however, at low frequency,
it approaches the critical point (-1, 0) which indicates the
PID controller has a limited stability margin. The Nyquist
curve for the MPC controller is mostly compressed to the
origin and is very far from the critical point, indicating that
the MPC structure has more than enough stability margin
at the open loop level. At each of three frequencies, the
plotted uncertainty circles represent the amount of distur-
bance that model multiplication uncertainties can create in
the frequency response. Combining the Nyquist trajectory
position and uncertainty distribution, it can be judged that,
in the presence of parameter perturbations and modeling
errors, the proposed MPC control strategy exhibits a higher
safety margin in terms of robust stability, providing a more
reliable guarantee for the stable operation of the system
under complex operating conditions.

MULTI-OBJECTIVE OPTIMIZATION ASSESSMENT OF
ENERGY AND WATER CONSUMPTION
For near-zero discharge systems that treat wastewater pro-
duced from coal chemistry, optimizing energy use, water
consumption and water quality is the primary goal. The
three-dimensional response surface in figure 6 provides a
visual means of the relationship between steam consumption
and the rate of reducing/reusing water, as well as the effect
of inflow load factors and disturbances; each shown with
respective contour lines using the MPD microbial process
control technique.

The response surface for steam consumption (figure 6a)
shows that the amount of steam consumed generally in-
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FIGURE 4. Impact of Parameter Uncertainty on Control Performance: (a) PDF of IAE; (b) CDF of IAE

FIGURE 5. Robust Stability of the MPC Strategy

FIGURE 6. Response Surface of Steam Consumption and Water Reuse Rate: (a) steam consumption; (b) water reuse rate

creases as the feed flow rate factor increases. The magnitude
of this increase is somewhat larger in the area of higher
disturbance (D). Thus, at high load and strong disturbance,
the system requires greater heat compensation to maintain
stable operation. The smoothness of the steam consumption
surface indicates that MPC is capable of achieving relatively
stable energy regulation across multiple operating condi-
tions. The response surface for water reuse rate (Figure 6b)
demonstrates an inverse relationship to both feed load and
disturbance intensity, with small decreases in water reuse

rate as both factors increase. Nevertheless, the water reuse
rate remains high overall, indicating that under complex
operating conditions, the system still has a high degree of
resource utilization. Both response surfaces display contin-
uous and regular variation patterns throughout their respec-
tive parameter spaces, indicating that the developed model
is representative of the system’s operating characteristics.
Comprehensive analysis shows that within a reasonable
feed load and disturbance range, the MPC strategy can not
only effectively control the increase in steam consumption
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FIGURE 7. The Effect of the MPC Strategy on Suppressing the Volatility of Energy Consumption Indicators: (a) box plot; (b) kernel
density

but also maintain high water reuse efficiency, providing
an important basis for energy-saving optimization of the
evaporation process.

Figure 7 uses a combination of box plots and kernel
density estimation to statistically evaluate the effect of
the MPC strategy on suppressing the volatility of energy
consumption indicators.

As marked by figure 7a, there are a great deal of variances
in PID control sample rates (median of ~49th t h, mean
of ~50th t h, interquartile range of about the ~45′s to
53′s). There are also several outliers present indicating that
there is a significant amount of fluctuation in energy usage
when using this control method. When looking at the MPC
control, the box height of energy consumption is much
smaller (median of about ~44th t h, mean of ~44 to 45th t h,
approximately 42 to 46th t h interquartile range) indicating
that it has significantly less dispersion than PID control
method does. This suggests that the MPC control tends
to reduce the fluctuation range with multiple Monte Carlo
simulations therefore providing a more stable method with
more energy-saving abilities. Figure 7b provides insight into
the energy consumption distribution probabilities of both
control strategies. The diagrams were created using kernel
density estimation techniques. The peak in the probability
density diagram for the PID control lies primarily around
the 49th -51st range while the distribution curve exhibits
a relatively flat and long-tailed shape and has a 95%
confidence interval of approximately 39-62 t h indicating
that operating states of the system would be random. On
the other hand, the probability density function for the MPC
control system shows a peak concentration of probability
density between 43 and 45 t/h, with a more peaked or
sharper curve indicating that there is less variability in the
measurements of steam consumption with MPC than with
PID control. The 95 percent confidence interval for this
distribution is approximately 37 to 51 t/h, indicating an even
greater reduction in average levels of steam usage as well
as a marked improvement in consistency and predictability
of system operation due to the use of the MPC controller.
These data further support the use of the proposed MPC

controller as an effective means of improving energy effi-
ciency through statistical analysis.

V. CONCLUSION
This article describes how wastewater systems in the coal
chemical are challenged by unpredictable input character-
istics and the long precedences in evaporation and crys-
tallization inherent to closed-loop designs. The purpose of
the present paper is to develop a multivariate model predic-
tive control (MPC) strategy to coordinate feed rate, steam
consumption, and circulation pump frequency based on a
closed-loop control system with process disturbances caused
by influent concentration and steam network pressure. A
rolling optimization scheme using feedforward compensa-
tion will be developed to provide a way to optimize each
of these variables. The results show that the MPC strategy
minimizes fluctuations in liquid level as well as optimizes
steam consumption during a salt shock load event compared
to conventional PID controls, thereby reducing the effects
of control issues resulting from lag in downstream filtration.
Additionally, the findings demonstrate that further improve-
ments in system performance can be obtained through
equipment modifications, establishing a viable method for
coal chemical industries to achieve water conservation and
emissions reduction goals, while transitioning to sustain-
able, smart plants. Furthermore, this control architecture
possesses high scalability and can be deeply integrated with
carbon data management platforms and finishing projects,
achieving global optimization of the plant’s water balance
and ensuring enterprises maintain their status as national-
level green factories and water-saving benchmarks.
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